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In ground-based GPS meteorology, Tm is a key parameter to calculate the conversion factor
that can convert the zenith wet delay (ZWD) to precipitable water vapor (PWV). It is
generally acknowledged that Tm is in an approximate linear relationship with surface
temperature Ts, and the relationship presents regional variation. This paper employed
sliding average method to calculate correlation coefficients and linear regression co-
efficients between Tm and Ts at every 2  2.5 grid point using Ts data from European
Centre for Medium-Range Weather Forecasts (ECMWF) and Tm data from “GGOS Atmo-
sphere”, yielding the grid and bilinear interpolation-based TmGrid model. Tested by Tm
and Ts grid data, Constellation Observation System of Meteorology, Ionosphere, and
Climate (COSMIC) data and radiosonde data, the TmGrid model shows a higher accuracy
relative to the Bevis Tm  Ts relationship which is widely used nowadays. The TmGrid
model will be of certain practical value in high-precision PWV calculation.
© 2016, Institute of Seismology, China Earthquake Administration, etc. Production and
hosting by Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open access
article under theCCBY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).How to cite this article: Lan Z, et al., Establishment and analysis of global gridded Tm  Ts relationship model, Geodesy and
Geodynamics (2016), 7, 101e107, http://dx.doi.org/10.1016/j.geog.2016.02.001.1. Introduction
Water vapor, an important component of the atmosphere,
is mainly distributed in the lower atmosphere, and water
vapor in the troposphere constitutes approximately 99% of its
total content. Though little in the atmosphere, water vapor
plays a key role in a range of spatial and temporal scales ofg).
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ss article under the CC BYatmospheric processes, and closely relates to precipitation
and climate change. The advection of water vapor and its
latent heat by the general circulation of the atmosphere is an
important component of the Earth's meridional energy bal-
ance [1]. A good understanding of the distribution of water
vapor is very necessary for weather forecasting and climate
prediction [2].Earthquake Administration.
tion, etc. Production and hosting by Elsevier B.V. on behalf of KeAi
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zenith wet delay (ZWD) and precipitable water vapor (PWV),
making it possible to use GPS to detect water vapor. Bevis
et al. [1] first proposed the concept of GPS meteorology,
introduced the principle of using GPS to detect water vapor
in detail, and proposed the method to calculate Tm, the key
parameter to map ZWD to PWV, making GPS an important
mean to detect water vapor. The relation between PWV and
ZWD can be expressed as [1]:
PWV ¼ P$ZWD (1)
where P is a water vapor conversion factor, which can be
expressed as:
P ¼ 10
6
rwRv
ðk3=TmÞ þ k02 (2)
where rw is the density of water, Rv is the specific gas constant
for water vapor, k02, k3 are the atmospheric refractivity con-
stants [4,5], Tm is the key variable to calculate the conversion
factor P which is related to temperature, pressure and vapor
pressure, and can be precisely calculated by equation (3).
Tm ¼
Z
Pv
T
dz
Z
Pv
T2
dz
¼
P Pvi
Ti
$DhiP Pvi
T2
i
$Dhi
(3)
where Pvi and Ti are the average vapor pressure (unit: hPa) and
average temperature (unit: K) of the atmosphere at the ith
layer, respectively and Dhi is the atmosphere thickness (unit:
m) at the ith layer.
When we map ZWD to PWV, one of the largest error
sources is P calculation, whose relative error basically equals
to that of Tm [6], so exact determination of Tm is very
important to precise calculation of PWV.
Wegenerally use the surface temperatureTs to calculateTm
by a linear relationship instead of equation (3), as temperature
and vapor pressure profiles over a station can hardly be
obtained. It has been found that Tm and Ts have a good linear
correlation based on an analysis of 8718 radiosonde profiles at
latitudes 27Ne65N in America, and suggested that Tm is
linearly related to Ts, i.e., Tm ¼ a þ bTs [1]. Bevis et al. [1]
noted that to get the best results, the constants a and b
should be ‘tuned’ to specific areas and seasons, and offered
the equation Tm ¼ 70.2 þ 0.72Ts suitable for use in mid
latitudes. Ross and Rosenfeld [7,8] noted that the Tm  Ts
relationship changes with station locations and seasons,
based on a research of 23 years of radiosonde data from 53
stations. Wang et al. [9] established similar linear relationship
for use in Wuhan region. Wang et al. [6] concluded that there
is no significant difference between one-factor (Ts) and multi-
factor (Ts; Ps: pressure; es: water vapor pressure) regression
results, but the precision of regression relation based on local
radiosonde data is higher than that of Bevis Tm  Ts relation.
Many scientists have analyzed the regional Tm  Ts relation
and established regional models [10e14]. Yao et al. [15] took
seasonal and geographic variations into account, established
the empirical model GWMT based on spherical harmonics,
and well solved the problem of calculating Tm independent of
measured meteorological parameters. Later in 2013, Yao et al.
[16] made an improvement to GWMT and improved theaccuracy of GWMT in sea areas. In 2014, Yao et al. [17]
analyzed the relationship between Tm and multiple
meteorological parameters and thus established the very
accurate one-/multi-parameter-based models. Yao et al. [18]
also published the latest and the most accurate empirical
model in the same year. We can come to such conclusions
from previous studies: it is of practical applicability to use Ts
to calculate Tm according to regression relation; Tm  Ts
regression relation has evident regional characteristics;
different data have significant influence on the establishment
of Tm  Ts linear relation.
In order to establish Tm  Ts linear relation with regard for
geographic variations on a global scale, this paper analyzed
the correlation between the ECMWF Ts data and the “GGOS
Atmosphere” Tm data. ECMWF provides gridded “2 meter
temperature” datawith resolution no higher than 0.75  0.75
daily at 0:00, 6:00, 12:00 and 18:00UTC, while “GGOS Atmo-
sphere” provides 2  2.5 Tm grid data at the same time. This
paper utilized 2  2.5 Tm and Ts data to calculate the
regression coefficient a and b as well as the correlation coef-
ficient r at the 91  144 grid points, and then the bilinear
interpolation was employed to calculate a and b at any site.
Based on these, the TmGrid model was established.2. Analysis of the correlation between Tm
and Ts and establishment of the TmGrid model
In order to get global smooth results of a, b and r, this paper
employed the sliding window algorithm to calculate them.
The size of the sliding window is 4  5, i.e., data at the 3  3
grid points in the sliding window are used to calculate a, b and
r which will be taken as results of the center point of the
sliding window. Using this method, the global gridded Tm Ts
relation model was established, i.e., TmGrid model.
The concrete realization course of TmGrid model can be
described as follows: first, calculate a, b and r of the sliding
window at the upper-left corner of the grids as results of the
first grid point at this latitude; then move the sliding window
by one point along the latitude, and calculate a, b and r of the
sliding window as results of the second grid point at the lati-
tude, and repeat until the last point of this latitude; move the
sliding window by one grid once along the longitude, and
calculate a, b and r of all grid points at this latitude according
to methods outlined above, and so on until a, b and r at all grid
points are calculated. Fig. 1 shows the smoothed correlation
coefficient r in different areas of the world, while Fig. 2
shows the root mean square (RMS) error of the regression
relation in different areas of the world.
From Fig. 1, we can see the correlation between Tm and Ts is
mainly affected by latitudes, appears stronger at high latitudes,
weaker at low latitudes, and reaches the weakest (below 0.5 at
most areas) at latitudes 20Ne20S. While the correlation also
shows some differences at different longitudes.
From Fig. 2 we can see except for rare areas in the Indian
Ocean, western Atlantic and eastern Pacific, the RMS errors
of the regression relation are very small (basically below 4 K)
in the other areas, even below 2 K at latitudes 20Ne20S.
The RMS errors, on the whole, are larger at high latitudes
and smaller in the tropic areas. In general, the stronger the
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Fig. 2 e Global RMS distribution of the regression relation.
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Fig. 1 e Global distribution of correlation coefficient r
between Tm and Ts.
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appears the opposite situation in the tropic areas. In order to
explain this phenomenon, we analyzed the seasonal
variations of Ts and Tm at high and low latitudes
respectively. Fig. 3 shows the seasonal variations of Ts and
Tm at latitudes 0N, 60N and 60S in 2005e2011.
Fig. 3(a) shows that Ts in the tropic areas changes not much
in the whole year, basically between 295 and 305 K, and Tm
changes less than Ts. While Fig. 3(b,c) shows that Ts at high
latitudes presents significant seasonal variations which can
be as large as 20 K, and Tm has the same tendency.
Considering the fact that the mapping from Ts to Tm is
realized essentially by translating and scaling, data with
small changes and simple variation trend are more easy to be
precisely fitted by the linear regression, which is the key
reason why RMS in the tropic areas is smaller than that at
high latitudes. From here we can get a conclusion that
establishing the linear regression relation between Tm and Ts
in the tropic areas is feasible despite theweak correlation there.
Figs. 4 and 5 show that the smoothed regression co-
efficients a and b change slowly and show no sharp variations
on a local scale, which is an advantage to establish the bilinear
interpolation-based TmGrid model. After we know the
smoothed regression coefficients a and b at 91  144 grid
points around the globe, regression coefficients a
0
and b
0
at anysite can be interpolated by the bilinear interpolation according
to its latitude and longitude and the nearest four grid points
around it. Then the a
0
and b
0
can be used to calculate Tm ac-
cording to Ts at the site. This is how the TmGrid model works.3. External validations of the TmGrid model
3.1. Test TmGrid model with Ts and Tm grid data
In this section, the TmGrid model was tested by ECMWF Ts
data and “GGOS Atmosphere” Tm data in comparison with
TmBevis model (i.e., Bevis Tm  Ts relationship). Ts and Tm
grid data in the first 244 days in 2012 were involved in the test,
and bias and RMS of the twomodels at 13,104 grid points were
calculated. The results show that on a global scale, the TmGrid
model has a mean bias of 0.6 K and RMS of 2.7 K, while the
TmBevis model has a mean bias of 1.2 K and RMS of 4.3 K.
Statistics of these two models are shown in Fig. 6.
As we can see from Fig. 6(a), the bias of TmGrid model is
between 1 K and 2 K at more than 90% of total grid points,
highly concentrated around zero, indicating that the TmGrid
model has very small systematic bias in most area of the
world. While Fig. 6(c) shows that bias of TmBevis model is
evenly scattered between 5 and 8 K, nearly with no
proportion above 0.1 in a 1 K interval, which indicates that
local data-based TmBevis model has some systematic bias in
many areas of the world. Fig. 6(b) shows that the RMS of
TmGrid model is below 5 K at more than 96% of total grid
points, RMS above 5 K happens only in a few areas. While
Fig. 6(d) shows that the RMS of the TmBevis model is scattered
between 0 and 10 K, indicating the accuracy of this model is
low in many areas as this model is established by local data.
The test result shows that the TmGrid model as a whole has a
smaller systematic deviation and a higher accuracy on a global
scale relative to the widely used TmBevis model.3.2. Test TmGrid model with COSMIC data
In this section, the TmGrid model was tested by global
COSMIC data in 2010 in comparison with TmBevis model.
There are about 431,600 occultations involved in the test after
data with gross errors are eliminated. The test results show
that the TmGrid model has a bias of 0.1 K and RMS of 3.1 K,
while the TmBevis model has a bias of 0.4 K and RMS of 3.9 K.
Statistics of these two models are shown in Fig. 7.
Statistics in Fig. 7 show that taking Tms derived from
COSMIC data as true values to test TmGrid model and
TmBevis model, the proportions of absolute errors above 5 K
are 10% and 20%, respectively for TmGrid and TmBevis
model. The proportions of errors between 5 and 5 K are
respectively 90% and 80%, while the proportion of errors
between -3 and 3 K are respectively 73% and 54%, indicating
the TmGrid model is in good agreement with the COSMIC
data. Since Tm derived from COSMIC data has a high
accuracy, so we can believe that the TmGrid model
established in this paper also has a high accuracy, which is
also significantly better than TmBevis model.
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Fig. 4 e Global distribution of smoothed regression
coefficient a.
Fig. 3 e Seasonal variations of Ts and Tm at latitudes 0N, 60N and 60S in 2005e2011.
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In this section, the TmGrid model as well as the TmBevis
modelwill be tested by radiosonde data at 318 stations in 2010.
There are about 174,100 radiosonde profiles involved in the
test after data with gross errors are eliminated. The test re-
sults show that the TmGridmodel has amean bias of 1.0 K and
RMS of 3.8 K, and the TmBevis model has a mean bias of 0.6 K
and RMS of 4.5 K. The distribution of the radiosonde stations
and the RMS at them are shown in Fig. 8, the bias at the
stations is shown in Fig. 9.
Statistics show that among the 318 radiosonde stations
involved the test, the RMS of the TmGrid model is larger than
7 K at 10 stations, but the same happens to TmBevis model at
28 stations, indicating that the probability of large errors is
significantly smaller in TmGrid model than in TmBevis model,
which is very important to precisely estimate Tm. Fig. 9 shows
that the bias of the TmGrid model is concentrated, basically
between 5 and 5 K; while the bias of the TmBevis model is
not as concentrated as that of TmGrid model, and some of
them are over 5 K. However, the TmGrid model has a small
positive systematic error (about 1 K) which can be seen from
Fig. 9 in which bias of the TmGrid model at most stations are
positive. The reason for the systematic error can be due to
the data difference. As we know the TmBevis model is based
on radiosonde profiles, but the TmGrid model is based on
ECMWF Ts data and “GGOS Atmosphere” Tm data, there
exists a systematic deviation between these two different data.
Table 1 shows the statistical results of the external tests in
which TmGrid model and TmBevis model are tested by three
different data.
Test results in Table 1 show that the TmGrid model
increases the accuracy of TmBevis model by 0.7e1.6 K.
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This paper makes a numerical analysis on the relation
between ECMWF Ts data and “GGOS Atmosphere” Tm data,
coming to a conclusion that the correlation between Tm and
Ts is stronger at high latitudes and weaker at low latitudes.
Though very weak correlation at latitudes 20Ne20S, both Tm
and Ts have small seasonal changes, therefore building linear
regression relation between them still achieves good results.
Based on 2  2.5 Tm and Ts grid data, we calculatedTable 1 e Statistical results of the external tests in which
TmGrid model and TmBevis model are tested by three
different data.
Models Grid data COSMIC data Radiosonde data
TmGrid Bias (K) 0.6 0.1 1.0
RMS (K) 2.7 3.1 3.8
TmBevis Bias (K) 1.2 0.4 0.6
RMS (K) 4.3 3.9 4.5regression coefficients a and b at 13,104 grid points by the
window sliding average method; then the bilinear interpola-
tionwas employed to interpolate the regression coefficients at
any site. Base on these, the TmGridmodel was yielded. Tested
by Tm and Ts grid data, COSMIC data and radiosonde data, the
TmGrid model achieves a high accuracy which is superior to
the Bevis Tm  Ts relationship.
On the basis of maintaining the simple form and ease of
use possessed by the Tm  Ts linear relationship, the TmGrid
model considered the geographic variations of the linear
relationship, could more precisely predict Tm according to Ts,
which will be of practical value to accurate calculation of
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